Abstract: Hospital patients recovering from major cardiac surgery are at risk of paroxysmal atrial 1 fibrillation (AF), an arrhythmia which can be life-threatening. Wearable sensors are routinely used 2 for electrocardiogram (ECG) monitoring in patients at risk of AF, providing real-time AF detection. artefact, making it difficult to distinguish between physiological changes in P-wave morphology, 7 and changes due to noise. The aim of this study was to design and assess the performance of a 8 novel automated P-wave quality assessment tool to identify high quality P-waves, for AF prediction. We designed a two-stage algorithm which uses P-wave template matching to assess quality. Its 10 performance was assessed using the AFPDB, a database of wearable sensor ECG signals acquired 11 from both healthy subjects and patients susceptible to AF. The algorithm's quality assessments 12 of 97,989 P-waves were compared to manual annotations. The algorithm identified high quality 13 P-waves with high sensitivity (93%) and good specificity (82%), indicating that it may have utility for 14 identifying high quality P-waves in wearable sensor data. Measurements of P-wave morphology 15 derived from high quality P-waves could be used to predict AF, improving patient outcomes and 
Introduction

20
Continuous electrocardiogram (ECG) monitoring using wearable sensors enables early 21 identification of several types of arrhythmia. However, data acquired by wearable sensors are 22 susceptible to artefacts (e.g., due to poor sensor contact or motion artefact). Hence, a challenge 23 in the use of continuous wearable monitoring, where data are collected without clinical supervision, 24 is ensuring that only high quality signals are used to derive clinical measurements. Physiological 25 parameters extracted from artefact-corrupted signals may be inaccurate, which can lead to a high 26 frequency of false alarms [1] . Therefore, assessment of signal quality is a crucial step for accurate and 27 precise data analysis, such as extracting features, identifying deteriorations, and generating alerts. latter, individual P-waves were discarded if they had a cross-correlation coefficient lower than 0.7 with 48 a template P-wave obtained with an averaging procedure [3, 4] .
49
In this study we built on the previous work by developing an optimised P-wave quality 50 index (PQI) designed to identify high quality P-waves, from which clinical measurements can be 51 reliably derived. This tool was designed using several P-wave quality assessment features, and its Holter wearable sensor at a sampling frequency of 128Hz and with a 12-bit resolution [5] .
62
This study used 44 records (23 from controls and 21 from AF patients) from the AFPDB. After 63 pre-processing with a bandpass filter with cut-off frequencies of 0.5 and 40Hz, the ECG lead in which 64 P-waves were most visible for each record was chosen, and P-wave quality was manually annotated Figure 1 . P-waves were classified into three different classes: high quality clean P-waves (class A), unreliable, noise-distorted P-waves (class C), and complete noise or absent P-waves (class B).
Even though class C P-waves had some resemblance to normal P-wave morphology, they were still considered unreliable. For that class, the degree of distortion varied from mildly to heavily distorted.
template-comparisons. The first decision stage aimed to remove P-waves with no resemblance to the 79 normal P-wave morphology (class B), while the second was more refined, removing P-waves still 80 excessively distorted by noise, and hence unreliable (class C).
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Figure 2. The P-wave quality index (PQI) tool consisted of three steps. In the first, the P-waves were identified in the electrocardiogram (ECG), and extracted. P-wave template morphologies and P-wave features were extracted from these P-waves, and were used in two different decision-making stages. This resulted in each P-wave being labelled as either high (class A) or low quality (classes B and C), allowing artefact-corrupted and unreliable P-waves to be excluded from the analysis.
P-wave signal extraction
82
The first step towards assessing the P-waves' quality was to detect them in the ECG and extract 83 them. This signal extraction step was of high importance, as proper P-wave quality assessment was 84 only possible with accurate P-wave signal extraction. Firstly, P-wave peaks were identified. To do so, 85 each R-peak was identified using the widely used Pan, Hamilton and Tompkins algorithm [6] , and 86 then delineated using the phasor transform delineation algorithm [7] . Finally, P-wave signals were 87 then extracted by taking a window of width 300ms, centred on the corresponding P-wave peak. This 88 window length ensured that the whole P-wave plus its surrounding baseline signal were captured.
Decision stage 1: Removal of completely noisy or absent P-waves
90
The aim of the first decision-making stage was to exclude P-waves which were heavily distorted 91 by noise or absent P-waves (class B). This first stage had the additional purpose of removing P-waves 92 that could influence the more refined templates created during the second decision-making stage.
93
A P-wave template was created for each 30-minute recordings as the average shape of the P-waves 94 in that time period. Then, those P-waves were aligned with that template, and several features were 95 extracted in order to retrieve information about them. These features were then used as candidate 96 features for the PQI to assess P-wave quality. The following features were tested: 
107
(e) Skewness of P-wave (P skewness );
108
(f) Standard deviation of P-wave derivative (dP std ).
109
A decision tree was built using a selection of those features (Figure 3) . This model was estimated 110 assuming both classes' probability as equal, allowing one to balance sensitivity and specificity.
111
Furthermore, the decision tree had a maximum of five splits (decisions), in order to avoid overfitting. 
Decision stage 2: Removal of distorted P-waves
113
More refined P-wave templates could be created after removal of completely distorted P-waves.
114
These were then used in a final decision stage with the aim of removing distorted and unreliable 115 P-waves (class C), whilst being able to accommodate possible P-wave morphological variations.
116
This second decision stage was similar to the first, but with the single difference that a template 117 was created, to which P-waves were aligned, every 20 P-waves (instead of every 30 minutes). This 118 aimed to accommodate both physiological variations in the ECG over time and the greater P-wave 119 variability that precedes AF [2, 3] . Similarly to the first decision stage, a decision tree was built, but this 120 time maximising the ability to correctly identify class A P-waves (Figure 3) . 
P-wave Quality Index (PQI) performance assessment
122
The performance of the PQI was assessed on the 44 records through comparison with the manual 123 annotations. Class A clean P-waves were considered as the positive class, while classes B and C 124 were merged into one unique negative class. In addition, given the higher variability in P-wave 125 morphology present in patients susceptible to AF, a sub-group analysis of the performance in controls 126 and patients who experienced AF after the recording was conducted, and significance was assessed 127 using a two-sample t-test at the 5% significance level. Sensitivity and specificity metrics were used to 128 assess performance, as they are independent of class distributions, and therefore are able to provide 129 comprehensive assessment of imbalanced learning problems, such as the present one. 
Results
131
3.1. P-wave Quality Index (PQI) performance assessment
132
The PQI was able to identify high quality P-waves with high sensitivity (93%) and good specificity 133 (82%). Furthermore, no statistically significant difference was found in sensitivity or specificity between 134 the control and AF groups (Table 1) . . Decision trees used in the decision-making stages of the P-wave quality index (PQI) tool. These models used features obtained from the P-wave signal and P-wave template comparisons. Table 1 . Performance of the P-wave quality index (PQI) tool on all 44 records, and comparison of performance between healthy controls and patients susceptible to atrial fibrillation (AF).
Total Controls AF Patients P-value
Sensitivity 93% 92% 95% 0.33
Discussion
136
Hospital patients recovering from major cardiac surgery are at risk of AF, which can be 137 life-threatening. Wearable sensors are routinely used for ECG monitoring in the postoperative period,
138
and could have greater impact if used to identify the subtle changes in P-wave morphology which are 139 predictive of AF. This would potentially allow AF to be prevented, reducing risks and costs. However,
140
ECG signals acquired by wearable sensors are susceptible to artefact, making it difficult to distinguish 141 between physiological changes in P-wave morphology, and changes due to noise. Hence, the future 142 implementation of techniques that use the P-wave to predict AF will rely on proper P-wave quality 143 assessment.
144
In this study we proposed the PQI, a novel and optimised tool for automatically identifying low 145 quality P-waves. Briefly, the algorithm starts by detecting and extracting the P-waves' signal, which is 146 then used in two decision-making stages: the first with the aim of removing highly noisy or absent 147 P-waves, and the second with the aim of removing less distorted, but still unreliable, P-waves. The PQI 148 identified high quality P-waves with high sensitivity (93%) and good specificity (82%), and performed 149 similarly on healthy subjects and patients susceptible to AF, indicating that it was able to accommodate 150 the P-wave variability that precedes AF [2, 3] . The high performance of the PQI suggests that it may 151 have utility for identifying high quality P-waves in wearable sensor data, which could be used to 152 perform unsupervised predictions of AF.
153
The proposed tool was built and tested using a large dataset containing almost 100,000 manually 154 annotated P-waves across different morphologies, and trialled 10 different P-wave quality assessment 155 features, some of them novel. In addition, the proposed tool was built using simple decision tree 156 models, making it more likely to perform well on novel data. The proposed tool can work on a near 157 real-time basis, an important feature of quality assessment tools for use in continuous monitoring. 
Conclusions
172
This paper presented a novel P-wave quality assessment tool, which was able to identify high 173 quality P-waves with high sensitivity (93%) and good specificity (82%). Measurements of P-wave 174 morphology derived from high quality P-waves could be used to predict AF using wearable ECG 
